Abstract: In this paper, a methodology for multi-objective optimization of trigeneration plants is presented. It is primarily applicable to the systems for buildings' energy supply characterized by high load variations on daily, weekly and annual bases, as well as the components applicable for flexible operation. The idea is that this approach should enable high accuracy and flexibility in mathematical modeling, while remaining efficient enough. The optimization problem is structurally decomposed into two new problems. The main problem of synthesis and design optimization is combinatorial and solved with different metaheuristic methods. For each examined combination of the synthesis and design variables, when calculating the values of the objective functions, the inner, mixed integer linear programming operation optimization problem is solved with the branch-and-cut method. The applicability of the exploited metaheuristic methods is demonstrated. This approach is compared with the alternative, superstructure-based approach. The potential for combining them is also examined. The methodology is applied for multi-objective optimization of a trigeneration plant that could be used for the energy supply of a real residential settlement in Niš, Serbia. Here, two objectives are considered: annual total costs and primary energy consumption. Results are obtained in the form of a Pareto chart using the epsilon-constraint method.
Introduction
On-site energy systems with cogeneration, trigeneration and thermal storage are very important today, because of their significant potential to provide benefits related to finances, energy efficiency, environmental impact, flexibility and security of the energy supply. Their main advantages are: high conversion efficiency, low losses due to relative closeness to the consumers and operational flexibility. In order to maximize these benefits, but also to explore the relations and to find a compromise between conflicting objectives, energy supply systems should be optimized, often using two or more criteria.
Three levels of energy system optimization are recognized: (1) synthesis; (2) design and (3) operation optimization (OO) [1] [2] [3] . Synthesis optimization defines the configuration, i.e., the set of components included in the system and their interconnections. Synthesis decision variables are usually binary (0-1), indicating whether a component or an interconnection should be included or not. Design optimization implies the technical specifications of the components and the properties of substances at nominal loads. Design decision variables are sometimes considered as continuous in order to simplify a problem, even when their real nature is discrete (e.g., capacities of the components). OO finds parameters related to desirable operational regimes. It might involve 0-1 variables, indicating the on/off states of the components, and continuous variables for the load levels of the components or fluid state properties. The consideration of operation modes is very important when analyzing cogeneration systems [4, 5] , especially when loads vary significantly on daily, weekly and annual bases. This is the case with buildings' supply plants. OO is often performed with time steps of 1 h, although other values are used, as well.
For mid-and long-term optimization (one year and more), observed periods are usually represented with several typical days to reduce the size of the problem. Typical weeks might be used, as well [6] . In [7, 8] , the methodologies for choosing typical days i.e., periods, are suggested. In contrast, in [9] , a full year is analyzed, although with a somewhat longer time step of 4 h. In [10] , the consideration of a whole observed period is suggested based on moving-horizon short-term operation optimization.
When defining a mathematical model of a plant, some simplifications are required. They might be related to avoiding the use of integer variables or not considering part-load performance, the dynamic aspect of the problem, start-up and shutdown operation, etc. The simplest problems are linear and do not contain discrete variables. They are solved fast, using linear programming (LP) techniques. Lower bounds on component loads are not defined, due to the absence of the on/off variables, and this can lead to the results being infeasible in practice [11] . More complex problems are usually harder to solve, but often better represent an actual state. Thus, the complexity of mathematical models is a matter of compromise. The importance of considering details and choosing the optimization methods is analyzed in [11, 12] .
Genetic algorithms (GAN) are used in [35] to maximize NPV, while the evolutionary algorithm (EVA) is exploited in [36] to minimize ATC and GHGE of trigeneration plants supplying residential buildings. In [37] , a two-level optimization problem is presented for a trigeneration system of an office building with respect to ATC and GHGE. The problem is solved combining EVA for design and LP for OO, for 12 typical days. A combination of particle swarm optimization (PSO) for design optimization and LP for OO is used to solve a continuous problem in [38] , i.e., to maximize NPV for a hospital cogeneration plant. GHGE is taken into account via assigned pollution related costs. In [36] [37] [38] , only design and operation variables are considered. In [39] , the problem is decomposed. MILP is used for solving the slave problem, while EVA is exploited for the master MO problem. Both problems include design variables, but only the slave considers operation. Twelve typical days are considered.
In addition to the mentioned objective functions, others might be defined for MO optimization of energy systems, as well, e.g., maximization of exergy efficiency [40] , maximization of local energy generation usage, minimization of discomfort [41] , minimization of local pollutant emissions, etc.
This paper presents an approach to SDOO of trigeneration plants. It is primarily created for the optimization of buildings energy supply systems satisfying the demands with significant variations. This approach is based on the conceptual decomposition of the problem into the main discrete combinatorial synthesis and design optimization problem and the inner OO problem. Synthesis and design optimization is solved using MH methods suitable for combinatorial optimization, while MILP is used for OO. A similar approach is already presented by the authors in [42] , where GAN and PSO are combined with the branch-and-cut method. The purpose of this paper is to extend that work in the following directions:
-Demonstrate the applicability of other MH methods, some of which are not extensively used for energy systems optimization, and give some basic comparison between their performances, -Demonstrate the applicability of the methodology for solving MO optimization problems, -Compare this approach with the alternative, superstructure-based approach, -Explore the possibilities to combine these two approaches and potential benefits, -Improve and generalize the mathematical model for OO.
Problem Formulation
Here, a methodology for SDOO of trigeneration plants is defined, in order to provide financially acceptable and energy-efficient solutions for the energy supply of a building or a group of buildings. Moreover, it can be used for the optimization of district heating and even some industrial energy systems. The energy supply plant has to be able to satisfy the entire heating and cooling demand of the consumers, while the electricity demand might be partially (or entirely) satisfied by the distribution grid. Since the energy consumption of buildings is usually characterized by significant and frequent load variations on daily, weekly and annual bases, the plant should contain the components suitable for flexible operation.
This approach is created with the general aim of bringing a new quality in energy system mathematical modeling and optimization by achieving a good compromise between: -The requirements for accuracy, precision, taking into account as much relevant input parameters as possible, as well as flexibility, -The need to solve the problem with some credible optimization method, with available resources and within an acceptable period.
The methodology should enable taking into account the influence of as many relevant input parameters as possible for each component, such as the environment state (e.g., temperature) and their impact on performance, part-load characteristics, start-up and shutdown behavior, etc.
The application of this approach is demonstrated on the case of determining the optimal design and operation of a plant that might be used to supply the real residential settlement in Niš, Serbia.
Description of the Plant
The considered plant might contain the following main types of components: a cogeneration unit (CG), i.e., a reciprocating internal combustion engine or a gas turbine, an additional heating unit, i.e., a hot water boiler (CH), daily heating and cooling storage tanks (TSand RS), an absorption chiller (AR), a compression chiller (CR) and a cooling tower (CT). Larger storage tanks might also be considered, but then it would be desirable to take typical weeks instead of days. System components and energy flows are illustrated in Figure 1 . The models and the number of components, as well as their operational strategies are not predefined and should be determined using the presented optimization methodology. 
Cooling water
The electricity required for demand satisfaction and operation of the plant components is generated in CGs or imported from the electrical distribution grid via the electrical transformer (ET). Electricity can be exported to the grid via ET. The heating demand and heat required for ARs are satisfied from CGs and CHs. Both are natural gas or biogas fired. Excess heat may be stored in TS and used later. The consumers' cooling demands are satisfied with ARs and CRs. Only the indirect-fired single-stage ARs are considered here. Both ARs and CRs are water-cooled. If more cooling is produced than required, it can be stored in RS. For both TS and RS, the storage medium is water, which always remains in the liquid state, i.e., there is no phase change. Excess heat from the chillers' condensers is rejected into the environment via CTs. Excess heat from CGs can also be rejected using CTs or their own coolers with forced convection, which results in additional electricity consumption. It is assumed that high-temperature (HT) heat output from CGs is used for heating and driving ARs, while low-temperature (LT) output is entirely rejected.
This methodology can be extended to include other components such as other types of ARs, air-cooled CRs, electricity storage, photovoltaics, solar thermal heaters, etc.
Time Frame
The analyzed horizon might be divided into billing periods, that isusually months. In simpler cases, the use of billing periods is not required. The horizon and/or each billing period is represented with one or more typical periods. Each typical period represents an approximation of one or multiple real periods similar in terms of energy demand, energy prices, environment state and other relevant input parameters.
The typical periods are divided into time steps. Here, all of the steps are of the same duration. The fundamental assumptions related to the time steps are: -The input parameters, such as energy demand, energy prices and the environment state, are constant during one time step, -The operation of each component is stationary during one time step, except eventual short transient start-up and shutdown periods, -The load level of each component is constant during one time step, -The temperatures of the thermal storage mediums vary during time steps due to charging, discharging and heat losses or gains, but the charging and discharging rates are constant.
The choice of the number of typical periods and the duration of time steps is a matter of compromise between accuracy and efficiency. More typical periods and shorter time steps result in more accurate representations of a real state, but also lead to larger problems that require more time or resources to be solved. The lower bound of time step duration is defined with the requirement that it should be possible to turn on each component to the stationary operation phase during one step.
Here, the analysis is conducted for one year. It is assumed that the year is represented with four typical days with a satisfactory level of accuracy for the purpose of this paper. Each typical day is divided into 24 time steps of 1 h. Longer or shorter steps could also be applied.
Energy Demand
Energy demand profiles for the typical days are illustrated in Figure 2 . They are obtained combining the results of the actual on-site measurements of electricity and heat consumption and the detailed hourly simulations of buildings behavior for an entire year. The simulations are performed using the weather data from [43] . Typical Days 1 and 2 represent 103 and 76 cold and mild days during a heating season, respectively, while Days 3 and 4 represent 106 mid-season and 80 summer days. 
Mathematical Model
The mathematical model is similar to [42, 44] . However, here, a more generalized and slightly improved version of the model is presented.
Input Parameters
The methodology presented in this paper is based on the following input parameters: -Data related to the time frame, e.g., billing periods, typical periods count and time step duration, -Environment air state-dry and wet bulb temperatures, relative or absolute humidity and pressure-for each time step, -Electricity, heating and cooling demands for each time step, -Primary energy conversion factors for fuels, imported and exported electricity, -The prices of energy commodities-fuels, imported and exported electricity-for each time step, -Relevant technical data for each examined component, e.g., nominal capacities and other relevant design properties, the dependence of capacities on surrounding air states and other parameters, off-design data and their dependences on other input parameters, such as surrounding air states, data related to transient operation during start-up and shutdown, etc., -Finances for each component, e.g., the investment and the operation and maintenance (OM) costs, -Relevant economic parameters, such as the inflation or discount rates.
Synthesis and Design Decision Variables
The aim of the presented optimization methodology is to find the best combination of offered components, i.e., to determine the best set of discrete synthesis and design decision variables with respect to the defined objective functions and constraints. These variables can generally be divided into three categories: (a) binary (0-1) non-dimensional variables, indicating whether a component type or model is included in the plant or not; (b) integer non-negative non-dimensional variables indicating the number of the components of a particular model included in the plant; and (c) discrete variables that do not necessarily have a numeric value, indicating which model of a particular type of components is chosen. The mentioned variables define the investment and OM costs, as well as the plant configuration and design later used to find optimal operation regimes. Additionally, the variables defining demand-side energy saving measures might also be included and influence electricity, heating or cooling demand.
Objective Functions
The objectives of the synthesis and design optimization problem are to achieve: (a) the minimal ATC of the plant; and (b) the minimal annual PEC of the plant.
ATC, expressed in (EUR), include: the annualized investment (equipment owning) cost, the OM costs for all of the components divided into the constant and the variable part, and the costs and the revenues related to energy commodities, i.e., purchased fuel and electricity and sold electricity:
The underlined part of Equation (1) represents the variable costs of the plant (fuel, electricity, variable OM costs), dependent on the chosen operation regime. In order to calculate ATC, the variable costs have to be determined, i.e., the operation regime must be known. When min Z T is the only objective, the variable costs must be also minimized. For this purpose, the OO problem is defined and solved.
The other objective, annual PEC of the plant, expressed in (kWh), is defined as shown in Equation (2):
GHGE might be treated as an objective in the same manner, only using different conversion factors. In this paper, it is assumed that the operation regime is always cost optimal: chosen to provide the best financial outcome for a given set of equipment, i.e., minimal variable costs.
Operation Optimization
The OO problem is formulated for a known set of synthesis and design decision variables, i.e., for a defined plant. Thus, some details related to the synthesis and design optimization problem have to be used as inputs to the OO problem. As can be seen from Equations (1) and (2), some outputs from the OO problem are used to evaluate the objective functions of the synthesis and design optimization problem.
The OO problem is defined as an MILP problem. Decision variables. There are two types of decision variables related to the OO problem: (a) binary (0-1) non-dimensional on/off variables, δ i,j k , for each time step, indicating whether a component k is operating during a time step i, j or not; and (b) semi-continuous variables representing the components' energy flows, i.e., load levels for each time step, and the TS and RS mediums' temperatures at the beginning of each time step. The main operation-related decision variables are presented in Table 1 is one, and has another value, x * i,j k , otherwise:
, for each time step i, j. The bounds depend on the model and the nominal capacity of a component, but also on air temperature, pressure, some design parameters, etc. However, they, as well as x * i,j k , are considered as the inputs to the OO problem. 
ET peak electricity importẆ u e,I,Cap
Additional variables. In addition to the decision variables summarized in Table 1 , other variables are introduced in order to make the model clearer, easier to understand and less error-prone during software implementation. These additional variables are not treated as decisions, but as their linear functions, i.e., expressions. As such, they do not represent any overhead to the computationally-intensive process of OO, since they are directly inserted into the existing constraints and objectives without requiring the introduction of new decision variables or constraints.
First, having in mind the assumption of stationary operation during each time step, for each decision variableẊ i,j k from Table 1 that is expressed in (kW) and related to a specific energy flow, i.e., a load level, an additional variable , expressed in (kWh). They are formulated as linear functions of the related decision variables and summarized in Table 2 . Table 2 . Summary of the main additional variables representing energy flows, given in (kWh).
ET gross electricity import (source) W 
When the stationary operation assumption holds, it is often sufficient to assume a linear dependence:
whereẎ i,j k is an energy flow, in (kW), n X is the number of related semi-continuous decision variables, while a i,j k,l and b i,j k are the linear regression coefficients, usually measured or provided by the manufacturers of components for each model separately, which might depend on various input parameters, such as the air temperature. In any case, they are considered as inputs to the OO problem. This approach allows the precise and detailed consideration of off-design and part-load performance characteristics and their variation with the environment temperature and other relevant input data.
If the linear function from Equation (3) is not accurate enough, a piecewise linear approximation of a relation betweenẎ i,j k and anyẊ i,j k,l might be established. It can be done in several ways, one of which will be presented here. In order to approximate a semi-continuous function y = f (x), where δ i,j k x min ≤ x ≤ δ i,j k x max , n sampling points are chosen, with coordinates (
Also, n auxiliary continuous nonnegative decision variables λ 1 , λ 2 , . . . , λ n are introduced, such that they form a special ordered set of Type 2 (SOS2), i.e., an ordered set of nonnegative variables of which only two successive might be non-zero. Then, the linear approximation of y, y L , the decision variable x and the additional constraints to the problem are:
When using this approach to represent a relation betweenẎ
may be optionally eliminated from the set of decision variables and X i,j k,l and Y i,j k expressed directly as functions of
The number of the sample points can vary depending on the desired accuracy. A bigger number of points leads to higher accuracy, but also to larger problems. The coordinates of the sample points might vary with time steps and depend on input data, just as the values of the coefficients a 
where n σ is the number of previous time steps taken into account, while
are the correctedamounts of energy related to start-ups and shutdowns, in (kWh), that might depend on input data and vary with time. These corrections are often neglected in the literature, while one previous time step is considered in [16, 45] . Here, a more generalized approach is presented, but three previous time steps are actually observed. In order to obtain linear relationships instead of the products of the binary variables in Equation (5), for each time step i, j, the following auxiliary binary variables are introduced to replace the underlined terms:
as well as the additional inequality constraints related to them:
shows whether a component k is turned on at the beginning of a time step i, j, σ
shows whether it is turned on after l or more time steps of being off; and ς i,j k shows whether it is turned off at the end of the step i, j. A similar approach is proposed in [18] and a slightly different one in [17] .
OM costs, given in (EUR), are also expressed as linear functions of decision variables for each component k. Generally, they consist of constant and variable costs [46] :
Constant OM costs depend only on the model of the component, while variable ones depend on the operation parameters, such as energy flows and the time of operation:
where α i,j k,l and β i,j k are the linear regression coefficients, whileẊ
represent n X decision variables used to define OM costs of a component k during a time step i, j, in (kW). The additional costs related to start-ups and shutdowns might also be included.
Energy-related cash flows for each time step i, j include the incomes for sold electricity and the outcomes for purchased electricity and fuel:
Objective function. It is assumed that the energy supply system of interest is operating in the financially optimal mode, i.e., generating minimal variable costs that include all of the cash flows depending on the operation regimes: the variable OM costs, the energy costs and the peak power costs. Thus, the objective of the OO problem is defined as:
Constraints. Some constraints of the OO problem are already listed in Table 1 . They are related to the basic lower and upper bounds of the decision variables. In addition to them and to the auxiliary constraints from Equations (7), energy balances and other limitations on the energy flows should be included. For example, it may be useful to limit exported electricity with the amount generated by the system:
Total heat removed using CTs should match the heat rejected from ARs and CRs and, optionally, CGs (if they do not have coolers). It is assumed that LT heat from CGs is rejected entirely, thus:
Energy balances of TS and RS imply the relation to the mediums' temperatures at the beginning of each of two consecutive time steps:
These equations are derived by integrating the energy balances in the differential form over time and assuming constant the storage overall heat transfer coefficient, U, and the area, A, as well as the medium mass, m, and the heat capacity, c. The last terms on the right-hand sides of Equations (14) and (15) are not derived from the energy balances, but added to artificially maintain the storage and environment temperatures equal for the typical periods when a storage is not used, i.e., δ i TS = 0 or δ i RS = 0, and thus, the temperature is not relevant. When storage is used, this term is zero.
The demand-satisfaction constraints are given in Equations (16)- (18), which ensure the possibility of the plant to satisfy consumers' electricity, heating and cooling demands during each observed time step i, j: 
It is also possible to add other, problem-specific constraints, e.g., legal [20] , the boundaries on load-level variation for some components [47] , the minimum number of the time steps for which the component can be on or off [16] , the environmental impact of the system, etc.
Initial and final conditions. These conditions are important for time-coupling constraints. Here, the assumption is that each typical period is preceded and followed by the identical period, with equal input parameters and, consequently, the same operation regime. Thus, the initial conditions are related to the end and the final to the beginning of the observed period. For example, if n τ is the number of time steps per period, we assume that the time step i, 0 is preceded by the step i, n τ − 1. Generally, the correct indexes of the step i, j ± n, which occurs n steps after or before i, j, are determined as i, j ± n mod n τ , if the division remainder is calculated in a way to always be positive.
Methodology
The methodology presented here is based on the conceptual decomposition [2] and the combination of MH methods and MILP.
Conceptual Decomposition
The problem is decomposed into two levels of optimization, similar to [48]:
1. synthesis and design optimization, 2. operation optimization.
Thus, two nested problems are obtained: (a) the main problem of synthesis and design optimization and (b) the inner problem of OO. The synthesis and design decision variables considered here are discrete and related only to the choice of the models and the number of the components to be installed, making the main problem combinatorial. Eventually, demand-side energy-saving measures might be also chosen using discrete variables. The operation-related decision variables are binary and semi-continuous. The OO problem is defined as an MILP problem.
Solution Procedure
MH methods are used to find the optimal or near-optimal combination of the synthesis and design variables. There are many such methods, but what is common to all of them is that the value of the objective function is calculated repeatedly, many times, for various candidate solutions, hopefully approaching the optimum. Every time the value of the objective function is to be calculated for some evaluated set of the synthesis and design variables, the optimal operation regime is determined, i.e., the OO problem is constructed and solved using an appropriate method, e.g., the branch-and-cut method. Solving MILP OO problems is computationally by far the most intensive part of this process.
The following procedure is used to evaluate each combination of the synthesis and design variables:
1. Check in the database of already evaluated vectors if this combination is saved. If yes, simply find the appropriate values of the objective functions and go to Step 5. Otherwise, go to Step 2. 2. Define and solve the OO problem following this procedure:
(a) Create the OO problem with respect to the evaluated plant parameters, i.e., the given synthesis and design variables, but also with respect to other input data: energy demand, energy prices, part-load performance characteristics of the examined components, the environment state, etc. 3. Calculate the values of the objective functions of the synthesis and design the optimization problem using the input data and the solution of OO, e.g., using Equations (1) and (2). 4. Save the values of the decision variables and the objective functions in the database of already evaluated vectors (combinations).
Return the value(s) of the objective function(s).
The construction of the OO problem for each examined set of the synthesis and design variables is one of the main aspects of this approach. It is the procedure that is performed precisely and quickly using the appropriate software tool connected to both the energy-system-related software component and the MILP solver. It is not computationally intensive compared to solving this problem; on the contrary, it is actually negligible (it takes less than 1% of the total solving time). On the other hand, it might significantly improve the flexibility in mathematical modeling and lead to the reduction of the OO problem size and, consequently, the computation time.
Using the database of already evaluated vectors and Steps 1 and 4 are not necessary. However, this is useful, because it leads to significantly shorter computation times. When using MH methods, it often happens that the same combination of the synthesis and design variables is evaluated multiple times during the same run, especially in the later phases of the algorithm, when the optimal solution is close to being or already found. This way, the unnecessary operations 2 and 3 can be avoided, especially the calls to the MILP solver requesting it to solve the problem that has already been solved.
Optimization Methods
The optimization methods used to find the optimal values of the synthesis and design variables are:
-genetic algorithms (GNA), -particle swarm optimization (PSO), -ant colony optimization (ACO), -simulated annealing (SAN), -harmony search (HMS), -tabu search (TBS).
All of these methods are very convenient for discrete optimization, except PSO. This was originally created for continuous problems, but several attempts have been made to adjust it to discrete ones, such as [49, 50] . However, here, the algorithm is used as described in [17] , and the obtained coordinates decimal values are simply rounded to the nearest integers.
This methodology might involve other approaches for the determination of operation regimes. First, methods other than the branch-and-cut might be used to solve the OO MILP problem. This problem might also be defined as nonlinear and solved using some appropriate method. It is also possible to use the moving-horizon short-term optimization approach [10, 11] . If it is satisfactory for the user, operation regimes might be just assumed, without doing optimization at all, etc.
Decomposition over Time
If typical periods are used, it might be possible to decompose the inner OO problem over time. If there are no constraints coupling multiple billing periods, such as allowed environmental impact per year, the OO problem might be divided and solved for each billing period separately. Similarly, if there are no constraints coupling the typical periods from the same billing period, such as the ones that involve the peak imported electricity,Ẇ u e,I,Cap , the problem might be solved for each typical period separately. This decomposition usually results in the reduction of the computational time and effort required to solve the problem. Moreover, if the OO problem for one period is infeasible or unbounded, the examined combination of synthesis/design variables can be rejected without solving the problems for other periods.
Multiple Objectives Consideration
The result of the MO optimization is usually not a single solution, but a set of the Pareto optimal solutions, i.e., the solutions that cannot be improved with respect to one objective value without deteriorating at least one of the other values of the objective functions [51] .
In order to obtain the Pareto optimal solutions of the MO version of this problem, the epsilon-constraint method is used. Only one objective function is kept, while all others are constrained with some constant values. These bounds are parametrically varied, and the optimization procedure is repeated. The primary objective here is to minimize ATC, while the secondary objective, PEC, is constrained with target values using the inequality constraints.
Flexibility-Related Considerations
MH methods and the structural decomposition allow a high degree of flexibility when defining the mathematical model. The overall objective functions and the constraints not directly related to the operation variables do not have to be linear. One might use numerical procedures to determine the value of an objective function (e.g., the internal rate of return). Conflicting objectives on different optimization levels, e.g., the variable costs and PEC, are acceptable. Soft constraints might be defined and treated in many ways. As already mentioned, the choice of the approaches for solving OO problems is wide, and if selected, the typical-periods-based approach is suitable for usually beneficial decomposition over time.
Software Solution
The full description of the software used here is beyond the scope of this paper. It should be underlined that it performs three main tasks: (a) creates the OO problem based on the set of components included in the plant; (b) solves optimization problems; and (c) calculates output parameters. Its most important elements are: the main element related to the energy system and its components that stores performance data and other inputs and defines functions for calculations, the solvers for six MH methods and the component that creates the OO problems and communicates with the external MILP solvers, i.e., sends them the requests to solve the defined problems, accepts the solutions and provides them to the main element. The external MILP solvers used are Gurobi Optimizer [52] , Solver Foundation [53] and LP Solve [54] .
This software solution, named ESO-MS, is an object-oriented multi-platform tool, developed in the C# programming language by the first author of this paper. It works on the .Net and Mono frameworks. The suitability of the object-oriented approach for this type of software is stressed in [16, 55] .
Results and Discussion
The proposed approach is applied for the optimization of an energy plant that might supply a residential settlement in Niš, Serbia. The analysis is performed for one typical year within the horizon of 15 years, the annual inflation rate of 8% and the neglected residual value of the equipment after the horizon observed. The considered options for the synthesis and design decision variables-the models and the number of units-are given in Table 3 . The price of natural gas is 0.04 EUR kWh −1 based on the lower heating value; the price of purchased electricity is 0.10 EUR kWh −1 during days (from 7 to 23 h) and 0.025 EUR kWh −1 during nights (from 23 to 7 h); and the price of sold electricity is 0.10 EUR kWh −1 . 
Optimal Solutions
The Pareto optimal solutions are shown in Figure 3 . Among several dozens of thousands of feasible combinations of the synthesis and design variables examined using six different optimization methods, only 16 obtained solutions belonging to this set. All of the MH methods resulted in the same Pareto set. The solution with minimal ATC is denoted as Solution A, and the solution with minimal PEC is Solution B. Another solution, C, appears to be a good compromise between A and B. It differs from A only in the CG size. The values of the decision variables for these solutions are shown in Table 3 and those of the corresponding objective functions in Table 4 . All of the Pareto optimal solutions closer to A have one CG of 803 kW e , while the ones closer to B have one CG of 1, 464 kW e . All of them have the largest offered TS. The regimes ensure cost optimal operation for given sets of equipment and are characterized with the extensive use of CG, TS and RS, the absence of heat rejection and low utilization of AR. The solutions with fewer CGs are preferable. They generally require lower investment costs for the same nominal capacities, and in some cases, units of higher capacities are more efficient than smaller ones. Solutions with two or more units are more flexible in operation, but in this case, the desired flexibility is ensured with TS and RS. The significant dependence of ATC and PEC on the models and the number of CGs is illustrated in Figure 4 . It is related to Solution A with the first two variables changed-the CG model and the number of units. For the cases where additional heating capacities were required to ensure the feasibility of the solution, denoted with the circles on the chart, one CH was added. One of the most important input parameters for the plant economy is the price of exported electricity. In Figure 5 , the sensitivity of ATC and PEC to the electricity price change is shown for the case where only ATC are minimized. In the range of electricity prices from 0.07 to 0.11 EUR kWh −1 , Solution A remains optimal. For the prices from 0.04 to 0.06 EUR kWh −1 , the solution with one CG of the lowest capacity and one CH is optimal. If the price is 0.12 EUR kWh −1 or greater, the optimal solution has two CGs of the highest capacities and no CHs. Only in this scenario is the optimal operation regime the one where the rejection of useful heat into the environment is foreseen following the strategy to produce as much electricity as possible and sell it at a high price. Otherwise, no excess heat is produced. 
Metaheuristic Methods Comparison
All of the exploited MH methods, except TBS, are stochastic, and it is expected that they sometimes result in solutions worse than the ones from Figure 3 . This, as well as the efficiency of the MH methods, significantly depends on the adjustment of their parameters. Unfortunately, for many MH methods, there are no straightforward rules on how to set these parameters. There are some suggestions, but finally, the user has to make the decision for each problem, based on experience and multiple trial attempts. From this point of view, the methods, such as TBS, PSO or SAN, have the advantage, because they require fewer inputs. The best sets of input parameters, found after extensive testing, in terms of the quality of the solution, that provide satisfying efficiency at the same time, are shown in Table 5 . The results from Table 6 correspond to 10 observed runs of each method with the parameters from Table 5 when minimizing ATC without PEC-related constraints (Solution A is optimal). The initial vector always has the largest values allowed. Convergence towards minimal ATC for this case is illustrated in Figure 6 . In addition to the reliability comparison from Table 6 , Table 7 illustrates the efficiency comparison of the MH methods. For each method, a slower, but more reliable, and a quicker variant are observed. The slower variants have parameters from Table 6 , while parameter adjustment for the quicker ones enabled a faster completion of the optimization task: in less than 10 min. All of the tests were performed on a computer with a 64-bit operating system, 8 GB RAM and an Intel i7-4710HQ processor with 2.5 GHz, four cores and eight threads. The MILP solver used is the Gurobi Optimizer, version 6.0.
GNA and SAN were the most reliable at finding the exact solution. Although SAN is slow, its efficiency might be improved with nonlinear temperature reduction. PSO and ACO appeared faster, but sometimes tended to converge slightly prematurely to very good sub-optimal solutions. Their precision is satisfying. PSO's premature convergence is mostly related to the binary variables. TBS always found the best solution. However, this method is not stochastic (at least not the implementation used in this research), and since the initial vector was always the same, it followed the same path in each run. 
Comparison to the Superstructure-Based Approach
The illustrated approach based on the structural decomposition and MH methods is compared to the alternative and widely-used approach based on the plant superstructure. The described software solution is used to define the MILP problem that integrates synthesis, design and operation optimization. All considered plant components are included in the superstructure. The goal is to determine the models and the number of components that will be included in the plant final structure and design. This problem is similar to the original. The only difference is in the values of the RS size. Five discrete values are offered and constrained to be less than or equal to 90% of the TS size. The objective used for the comparison is ATC.
It could be problematic to define an MO problem like the one considered in this paper, since different levels of optimization might have conflicting objectives; here, the operation regimes are always cost optimal, not taking into account PEC, while synthesis and design optimization tends to minimize PEC.
The superstructure-based problem is solved with the same resources as the original one.
The results are given in Table 7 . The percentages in parentheses represent the largest possible gaps from the optimum estimated when the solutions are found. Both approaches found the same optimal solution. Since this solution was found with the superstructure-based approach and MILP, it is verified as exact. The superstructure-based approach needed more time to complete the optimization task.
For the purpose of comparison, the full MILP problem was relaxed bythe operation-related binary variables, as well as part-load performance, lower bounds on the equipment load and start-up and shutdown correction considerations. This problem was solved within 4 s, yielding the sub-optimal solution that has CG model M2, one CH and other synthesis/design values the same as the optimal ones.
Combining Decomposition-and Superstructure-Based Approaches
The decomposition-based approach might also be very useful as a pre-solving concept. Other results from Table 7 represent how a combination of the two approaches might be beneficial.
First, the MILP solver found the solution of the superstructure problem 29.9% faster (in 2,975 s) when the start values of the synthesis/design variables were predefined. This is because the early determination of good feasible solutions is an important part of the branch-and-bound and branch-and-cut algorithms from the efficiency point of view. MH methods are convenient to quickly find these values. Linear relaxation might be used here, as well, but it can result in an infeasible solution, since the problems are not equivalent.
Second, the large set of good and feasible solutions quickly obtained using MH methods can be used to derive some conclusions and preselect candidate solutions, i.e., eliminate some options, reduce the problem superstructure and shrink the search space of MILP problems. From the set of vectors examined using the MH methods, it is concluded that the solutions with one CG, smaller AR models and larger TS are favorable, as well as that the ones with one CT model M1 are always better than the alternatives. Thus, the reduced Problem A is limited to the combinations with one CG, AR models M0, M1 and M2, one CT M1 and TS models M2, M3 and M4. This MILP problem is solved in 3,508 s or 17.3% faster than the full problem. Further simplification leads to the reduced Problem B, limited to one CG and models M2, M3 and M4, a maximum of two CHs, one CR, one CT M1, the largest TS and the two largest RS. It is solved in 1,900 s or 55.2% faster than the full problem.
Conclusions
This paper presents an approach to optimize buildings' trigeneration energy supply plants and represents an extension of the previous work of the authors. It might be extended to other plant types.
The approach is based on the structural decomposition of the optimization problem into the synthesis and design optimization problem and the operation optimization problem. The first one is combinatorial and solved with six different metaheuristic methods: genetic algorithms, particle swarm optimization, ant colony optimization, simulated annealing, harmony search and tabu search. The second one is a mixed integer linear programming problem solved with the branch-and-cut method. These two problems are nested: whenever the objective function value is calculated for a given set of the synthesis and design variables, the operation optimization problem is constructed and solved to determine the optimal operation regime. The construction of the operation optimization problem for each candidate solution is not computationally intensive, but provides flexibility in mathematical modeling and the opportunity for operation optimization problem reduction.
This approach was applied to optimize a trigeneration plant that could be used to supply a real residential settlement in Niš, Serbia, with the objective of minimizing both the annual total costs and the primary energy consumption of the plant. The same result, shown as the Pareto curve, is obtained using each of the methods examined.
An alternative approach, based on the plant superstructure, is also used. It defines the integrated synthesis, design and operation optimization problem and solves it using the branch-and-cut method. It is used to minimize the annual total costs of the same plant and found the same optimal solution as the approach based on the structural decomposition and metaheuristics.
The approach that uses the structural decomposition and metaheuristics was faster, but sometimes near-optimal solutions were found instead of the optimal ones. It is more flexible, easier to implement and more convenient for complex or large problems. On the other hand, the superstructure-based approach that uses mixed integer linear programming is more efficient and convenient for smaller and simpler problems. It always finds the exact solution (if any), while the error gap (if allowed) might be controlled.
In addition to being faster, but reliable enough, the approach based on the structural decomposition appeared to be convenient as a part of the pre-solving process in the frame of the superstructure-based approach. The approaches were combined in two ways. In the first case, the solution found quickly with metaheuristics is used to define the starting values of the variables for the superstructure-based problem. In the second case, the superstructure is reduced using the conclusions derived from the large set of good candidate solutions obtained with metaheuristics. Consequently, the optimization problem became smaller and easier to solve. In both cases, a significant solving time reduction is achieved, compared to the full superstructure-based MILP problem.
The main focus of further work will be the exploitation of the flexibility this approach offers in the process of energy system design, especially to consider different design-related soft constraints. Furthermore, using moving-horizon short-term operation optimization [10] , instead of typical periods, although computationally more intensive, might be beneficial, because it does not require one to choose typical periods, which is a critical process from the accuracy aspect, and allows the consideration of an entire horizon.
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